Since the depletion of fossil energy sources, rising energy prices, and governmental regulation restrictions, the current manufacturing industry is shifting towards more efficient and sustainable systems. This transformation has promoted the identification of energy saving opportunities and the development of new technologies and strategies oriented to improve the energy efficiency of such systems. This paper outlines and discusses most of the research reported during the last decade regarding energy efficiency in manufacturing systems, the current technologies and strategies to improve that efficiency, identifying and remarking those related to the design of management/control strategies. Based on this fact, this paper aims to provide a review of strategies for reducing energy consumption and optimizing the use of resources within a plant into the context of discrete manufacturing. The review performed concerning the current context of manufacturing systems, control systems implemented, and their transformation towards Industry 4.0 might be useful in both the academic and industrial dimension to identify trends and critical points and suggest further research lines.
Introduction
The depletion of fossil energy sources, rising energy prices, and governmental regulation restrictions have motivated that many industries around the world have looked at sustainability as a way to reduce their production costs and increase their energy efficiency [1, 2] . These facts arise since industrial sector accounts for more of 30% of the electrical energy consumption in the world, and the manufacturing industry consumed near to 50% of that energy, as shown in Figure 1 [3] . However, although manufacturing industry is an important share of the worldwide economy, this industry has also significant impacts to environmental dimension due to its high consumption of both renewable and non-renewable materials and production of solid, liquid, and gaseous (CO 2 emissions) waste streams.
Thus, due to the concern about climate change and the transformation towards sustainable systems, a paradigm shift towards efficient and smart systems has been promoted from the manufacturing industry. Thereby, the energy efficiency issue has gained attention during the last decade, and from this fact, new research trends from different points of view have arisen to try solving this concern. In this sense, different approaches have been addressed, considering from energy sources and their distribution to industries up to the energy use in manufacturing processes carried out by industries. Therefore, some research focuses on finding a more efficient way to supply energy to the industries minimizing the distribution losses and maximizing the power production from renewable energy sources [4, 5, 6] . However, the scope of this paper is limited to the energy use in the manufacturing industry and the energy efficiency strategies to reduce energy consumption within a manufacturing plant.
From the manufacturing industry side and sustainability points of view, different proposals have been also addressed. For instance, from the environmental dimension, many of the reported studies focus on developing environmentally friendly technologies by the use of renewable or fewer contaminant materials [7] . On the other hand, the economic and technological dimensions have received more attention, mainly due to the profits related to energy cost reductions [8] . In this way, most of the reported improvements in energy efficiency are focused on proposing more efficient designs of the individual components of manufacturing systems, whereas only a few strategies have considered the design of management and control systems of energy consumption for these systems.
The general idea of the strategies currently employed in the manufacturing industry is to reduce the energy consumption of manufacturing systems by optimizing the machining processes, the process planning and scheduling, and avoiding the power peaks during the productive modes. However, due to the diversity of processes and machinery in a manufacturing industry, many of the proposed strategies are quite restrictive and applicable only to the specific cases in which they were developed. Besides, most of these improvements do not consider the flexibility and smartness requirements of the Industry 4.0 framework [9] . Therefore, to understand the current context of energy efficiency and the future trends and technologies towards the transformation of the manufacturing industry, this paper focuses on exploring current approaches reported in the scientific/industrial literature about these issues and the application of control systems to manufacturing systems during the last decade. Consequently, the general idea of this paper is to serve as a starting point for both manufacturers and academics in further research through identification of the energy saving opportunities and critical points in which control systems can be useful.
In the same direction of this work, other survey papers oriented to the energy efficiency of manufacturing industry have been reported from a seminal work presented by Duflou et al. in 2012 [10] . From this work, the study of energy efficiency in manufacturing industry has been divided into levels to ease its comprehension and identification of energy saving opportunities for both the whole plant and its different components. This approach by levels has remained through the works developed during the last decade for studying energy efficiency of manufacturing systems since it allows performing a preliminary decomposition of the large-scale and complex systems in the manufacturing industry. Some of the more recent works reported in [11, 12, 13, 14, 15] present an overview of strategies for energy efficiency and sustainability developed so far for different industrial levels. Similarly, Ingarao [8] focuses on reviewing improvements proposed for manufacturing processes, while Esmaeilian et al. [16] present a review of the new technologies of manufacturing sector focusing on remanufacturing, advanced and additive manufacturing. Nonetheless, none of the proposed works so far looks at the identification of both control techniques and applications of control strategies in the manufacturing industry.
According to proposed objective of identifying the strategies of energy efficiency in discrete manufacturing and recognizing those related to the use of control systems, academic/industrial research published during the last 10 years was searched and deeply analyzed to identify and classify the potential contributions, the type and nature of application, and proposed strategies. Afterward, a qualitative discussion regarding both the reported strategies and the applications of control strategies for improving the energy efficiency of manufacturing systems has been carried out. For this regard, both the focus and the industrial level of application (e.g., machine, line, or plant level) of the studied research were key factors to classify the energy-saving strategies according to specific topics (such as redesign, use of environmentally friendly materials, process optimization, process control, etc.) and, based on this classification, identify the critical points at which control strategies could be useful for the efficient management of energy consumption in manufacturing systems.
Therefore, to provide the suitable overview and discussion of both the proposed strategies and the control techniques conventionally considered to improve the energy efficiency of manufacturing systems, this paper is structured as follows. In Section 2, a brief description of the discrete manufacturing industry considered in this paper and its classification by levels is presented. Next, the identified strategies to improve the energy efficiency of manufacturing systems are presented and discussed in Section 3, while in Section 4 the control techniques applied to these systems are also presented and discussed. Finally, in Section 5, the conclusions regarding the energy saving opportunities and further research are highlighted.
Discrete-manufacturing industry
According to the literature, different definitions of manufacturing have been proposed. In [17] , manufacturing is defined as "a series of interrelated activities and operations involving the design, materials selection, planning, production, quality assurance, management and marketing of the product, and controlling its industrial production". A more straightforward definition of manufacturing is proposed in [16] , in which manufacturing refers to the industrial production processes through which the raw materials are transformed into finished products to be sold in the market. In this sense, manufacturing can be considered as a set of processes for transforming resources and energy into industrial products and goods for consumers [18] .
Manufacturing industry can be classified into continuous manufacturing and discrete manufacturing according to the operation modes. In the former, the transformation of raw materials and energy into the desired products implicates changes in both physical and chemical properties of them during the technological processes, which can also constitute diverse operation modes as continuous, quasi-continuous and even batch processes. On the other hand, the discrete manufacturing industry is characterized by single part production, in a discrete-processing mode, and by either physical or mechanical treatments of the raw materials [18] . In discrete manufacturing, normally, raw materials are the products of other manufacturing processes, whereas its products are directly used by the final consumers. Some examples of discrete-manufacturing industry are the automotive, aircraft, shipbuilding, and household appliance manufacturing industry.
Manufacturing processes are understood as the technological processes to transform raw materials into products, including their technical and engineering aspects [15, 16] . Thus, manufacturing processes involve a set of technologies and operations used to transform inputs (e.g., energy, material, information) into outputs (products and wastes), which take place in the process units that operate integratively and synergistically to satisfy the final conditions of the desired products. Both inputs and outputs of manufacturing processes can be generalized as shown in Figure  2 .
For the case of discrete manufacturing, the most common units used for parts production are the machine tools, and the final conditions of products are mainly referred to physical properties, such as shape, surface, dimensions of the piece, among others. In [10] , manufacturing processes are classified into six categories: primary shaping, forming, separating, joining, coating/finishing and those that change the material properties. However, this classification could be limited when new technologies will be considered, and due to this fact, Nassehi et al. [19] proposed a classification based on the type of technology involved, namely, joining, dividing, subtractive, transformative, and additive technologies.
Processes in which two or more workpieces are joint to form fewer workpieces is named as joining technology, while the opposite operation is known as dividing technology, where the resulting workpieces number is higher than the original one. For the case of subtractive technology, the processes are designed to remove material from a workpiece and forming a new part, for instance, by milling and turning [19] . In the transformative technology, a single workpiece is used to produce a new workpiece without changing its mass during the operation, whereas in the additive technology the resulting workpiece has a volume higher than the pre-processed one since new material is either add or deposit for forming the new workpiece.
Additional to manufacturing processes, there exist other technical elements like industrial control systems, industrial robotics systems, assembly systems, material transportation systems, and storage systems, among others, which guarantees the correct operation of a plant [16] . Among these systems, industrial control systems, which refer to all control systems that can be installed in an industrial plant, have been a increasing research topic in order to achieve the objectives of both energy efficiency and production of discrete-manufacturing industry. According to Stouffer et al. [20] , control systems encompass several types such as, the Supervisory Control and Data Acquisition (SCADA) systems, Distributed Control Systems (DCS), and the Programmable Logic Controllers (PLC) modules. Indeed, industrial control systems are combinations of control components (e.g., electrical, mechanical, hydraulic, pneumatic) that act together based on set-points, control algorithms, variable and parameter constraints, and process data to achieve a common objective, and which are often found in the critical infrastructures.
In real applications, control systems can be typically configured to operate in open loop, closed loop, or in manual mode and, therefore, they can be automated or include the human intervention into the loop. The openloop and closed-loop control systems can be differentiated based on the output effect over the input. In the closedloop scheme, the output has a direct impact on the input to maintain the set-point or desired objective, while in the open-loop scheme the output is controlled by established settings. On the other hand, in manual mode, the system is entirely controlled by humans [20] . For a detailed description regarding different manufacturing systems, the following papers could be considered: [21] about industrial robotics, [16, 22] about assembly systems, [16, 23] about material-handling systems, and [24] for storage systems.
Classification by organizational levels
Due to the large scale and complexity of manufacturing systems, these systems have been studied during last decade by using multi-scale and multi-level research methods [18] . Thus, the energy efficiency in manufacturing sys-tems has been analyzed according to organizational levels, allowing researchers to analyze manufacturing systems, identify saving opportunities, and propose improvements [25, 26] .
Considering the enterprise organization, the disposition and configuration of their devices in the factory, and the relationships between them, different organizational levels for manufacturing systems have been proposed. A first approximation was reported by Herrmann and Thiede [25] , in which alternatives for improving the energy efficiency according to three layers, process and machine, the production system, and the technical building services are presented. Afterward, Reich-Weiser et al. [27] propose a decomposition into four levels, covering from the product level up to supply chain of the factory, namely, product, machine/device, facility/line/cell and supply chain level.
Following the idea of analyzing the manufacturing industry by levels, Duflou et al. [10] propose a broader decomposition based on [27] but including all activities of the manufacturing systems. On the other hand, in [15] , four levels to study the energy efficiency in manufacturing systems were defined, namely, factory, line, machine and process levels. Unlike the previous classifications, Apostolos et al. [15] separate levels of process and machine, and all improvements directly related to new technologies and parameters of manufacturing process are considering into the process level. Nevertheless, for analyzing the strategies and technologies of energy efficiency of manufacturing systems, only three levels will be considered in this paper. In Table 1 , the machine, line/multi-machine, and plant/factory levels are briefly explained.
Based on the previous discussion about technical elements of manufacturing industry, manufacturing processes are related to the machine level, while the multi-step production processes logically organized (sequence or parallel) refer to the line/multi-machine level, namely, manufacturing systems. Then, the association of manufacturing systems with technical equipment and personal corresponds to the higher level of aggregation, the plant/factory level. A representation scheme of the hierarchy of these levels according to the configuration of devices in a automotive part manufacturing plant is presented in Figure 3 . Thus, at the lowest level, manufacturing processes are performed in an arrangement of devices, namely, machine tool, which only does one kind of operation over a piece. Then, more complex structures are found in the process line level, which corresponds to the aggregation of machines, auxiliary devices and buffer devices for producing a piece. At this aggregation level, machines are organized in a logical way according to the required operations to process a piece completely. Since the machines in a process line can have different operating cycles, buffers are required in order to maximize the production and avoid the simultaneous input of two or more pieces to one machine. At both machine and line levels, auxiliary devices to guarantee the correct operation of machines and the suitable supply of resources to machines are required. Besides, when in addition to these devices, all the TBS and technical personnel are considered, the higher level of aggregation (plant level) is achieved. Into the plant level, all devices involved in both value and non-value task in a factory are considered. Thus, according to Figure 3 , it is possible to observe that the dynamics and interactions between the elements of a level can directly affect the components of higher levels and therefore their energy consumption. From this fact, a detailed knowledge of each level, its elements, and its interactions will be necessary for establishing a real context from which the improvements in energy efficiency can be developed.
Machine level
Machine level is focus on the machine tools, which are defined as complex systems composed of different components such as cooling units, pumps, spindles, drives, and peripheral devices (e.g., control units) that contribute to the total electrical power of the machine [29] . On the other hand, Zein [17] refers to a machine tool as a set of integrating parts and moving components enabling the entire system to perform a complex function, such as the geometric forming, shaping or joining of workpieces by using the appropriate tools and technologies. This latter definition regards the machine tool as a type of the metalworking machinery, which have drive systems different to human effort and work for a fixed period (cycle).
The components of the machine tool can be divided into the primary-function and peripheral devices. The former are the elements directly involved into shaping or joining of workpieces while the peripheral devices guarantee the operating conditions needed for performing the primary function. Usually, the main components operate in a fixed sequence for producing a piece and, based on this, the time of cycle of the machine is defined. On the other hand, the peripheral elements could or could not work during a typical cycle of main elements, i.e., some of the peripheral devices can activate at each two or more cycles of normal operation. Indeed, switching on or off the peripheral components is a critical factor to reduce the energy consumption of machine tools.
According to Hu et al. [30] , the activities with highest energy demand in a machine tool are the spindle rotation and the servo-driven axis motion, which are directly involved into processing of a workpiece (cutting, milling, turning, etc.). In Figure 4 , the energy consumption of a machine tool is decomposed in low, medium, and high consumers according to [31, 32] . Based on main consumers in a machine tool and its periodic behavior, different operating modes can be distinguished during an operation cycle of a machine. These modes refer to the different processing stages (and of energy consumption) of a machine to completely process a piece. Therefore, the energy consumption profile of a machine is determined by the process and individual machine features.
R2.3
In [29, 33] , the operating modes of a machine tool are classified as the modes on, standby, process and off, while Zhou et al. [31] propose a detailed classification of operating stages for a milling process. In this latter, the start-up, standby, air-cutting, operation, and off status are identified from an energy consumption profile of a machine tool. These modes indicate the different power levels and activation times related to the operating machine states, in which the start-up corresponds to the turning on of the machine, while the standby mode regards the electrical energy used to activate the machine components and to ensure the operational readiness of the machine. Air-cutting mode can occur several times during the machine operation, e.g., after the machine is started and before cutting, and between different cutting stages. Thus, more energy is required for the drives and spindle, e.g., to move, to change the tool, to clam the piece, to bring the tool, among others. Then, during the operation stage, the energy is consumed at the tool tip to remove piece material, i.e., during the machining process. Finally, the off mode corresponds to switching off the machine, in which the power demand is null. Thus, according to technology employed and the operations performed, the operating modes of any devices could be determined from the energy consumption profile and through the information coming from CNC. For instances, the operating modes of a machine tool can be identified based on the activation of its components for preparing the material removal, the waiting time of elements during changes of tools or pieces, as well as the spindle activation for removing the material. A typical energy consumption profile of the milling process with its operating modes is presented in Figure 5 . Taking into account the operating modes of a machine tool, its energy consumption is divided into the constant and variable energies. The former category is related to the energy consumption of both start-up and standby modes, such as activation of peripheral devices, unloaded motors, conveyors, control units, tool change, among others, while the variable energy refers to the power consumption during the machining process. Hu et al. [30] define the variable energy as the energy used to cut materials, i.e., it depends on the machining process performed, whereas the constant energy is independent on machining and refers to the power consumed by the machine in a ready-for-operating mode. Indeed, depending on the type of machine tool, different energy consumption profiles, operating modes, and portions of constant and variable energy can be distinguished [10, 17, 28, 34] . Therefore, due to the different production processes performed in a machine and their associated operating modes, it is necessary to understand and analyze the energy consumption behavior of such machine to propose improvements that allow reducing the energy consumption.
Line level
A process line refers to a collection of machines organized in a proper configuration for producing a finished piece. Among the machines that form a process line, it could exist other peripheral devices in addition to those that guarantee the operation of a machine tool. Duflou et al. [10] define a process line as a multi-machine ecosystem that describes a network of machines within a factory. According to the processes performed on each machine and its connections, process lines present different configurations such as serial and parallel structures as shown in Figure 6 . Thus, based on the configuration of machines in a process line, the operation of one machine could depend on the correct operation of previous machines, as in serial configuration, while in a parallel configuration the operations of machines could be independent on other ones in the line.
Thereby, according to configurations in a process line different energy and material flows, which represent either the interactions or relations between the machines in a line, could be existed. These relations add complexity to understand and model the energy consumption at this level. Therefore, factors as the diversity of components in a process line, their energy consumption behavior, their interactions, and the intrinsic characteristics of each component should be considered to analyze and propose energy efficiency improvements at process line level [35] .
Plant level
In the same way as the process line, the plant level consists of arrangements of process lines and auxiliary devices that guarantee the operating conditions of both each process line and its working environment. Wahren et al. [36] consider that most of the energy in a factory would be used for peripheral applications and processes in nonvalue added sectors. Therefore, regarding energy flows at this level, the existing relations among machines and the working environment should be analyzed. Herrmann and Thiede [25] defined a production plant as an integrated system that comprises three partial systems: the production system itself, the Technical Building Services (TBS) and the building. The former refers to the interlinked machines and the personnel controlled through production management. On the other hand, TBS ensure the required production conditions of temperature, moisture, and purity through cooling/heating and conditioning of the air, besides of supplying energy, compressed air, steam or cooling water required for machines [37, 38, 39] .
Taking into account that in a manufacturing plant the energy costs are not only determined by its consumption but also by surcharges due to peak loads, the energy consumption profile of both the productive and nonproductive systems in a manufacturing plant should be analyzed. This latter fact is given by the simultaneous activation of different production processes, machines, and auxiliary devices, which results in a cumulative load that could increase the energy costs. Thus, in order to identify the critical components and propose measures for improving energy efficiency in a manufacturing plant, it is necessary to analyze the energy profile of all machines and the TBS to avoid both increases of the energy consumption and surpasses the contracted load. 
Energy efficiency of manufacturing systems
Due to the nature of manufacturing processes, manufacturing industry consumes both renewable and nonrenewable resources, such as energy, water, metals, among others, producing a significant impact on the environment. As a consequence, solid, liquid, and gaseous waste are generated during the manufacturing processes. Based on this fact, nowadays, there exist an increasing interest of manufacturing enterprises to look for new technologies and strategies that allow reducing both the energy and production costs and making an efficient use of resources. Thus, taking into account the manufacturing sector accounts for one-third of global primary energy consumption, with more than 38% of direct and indirect CO 2 emissions [12] , the energy consumption is a crucial factor due to its implications at ecological and economical levels [25] .
Traditionally, the performance of manufacturing systems has been addressed considering factors such as time, cost, quality, and flexibility, but in the new era of sustainable manufacturing, the resources and energy use should be considered into the efficiency analysis of manufacturing systems [26, 40] . Although the need of improving the energy efficiency of manufacturing systems is clear, there exist barriers and encouraging elements that limit and promote energy efficiency improvements, respectively. May et al. [12] define the barriers as the main inhibitors for a company on the way to implement environmentally and economically efficient measures while the encouraging elements are considered as the stimuli that motivate companies to achieve improvements in energy efficiency. Different studies have focused on the identification of barriers and promoters for the implementation of energy reduction strategies in a factory [11, 12, 26] .
In general terms, the energy efficiency of manufacturing systems can be defined as the relationship between the productive output of production systems and the total energy supplied to them (e.g., oil, gas, electricity, heat) [26, 41] . Nevertheless, depending on the established levels, the systems, outputs, and inputs can be differently understood, and the energy efficiency definition will be different for each level.
Energy efficiency by levels
Since the concept of energy efficiency could be understood and defined in different ways according to level addressed, a brief definition of energy efficiency for each man-ufacturing level is introduced in this section. Afterwards, strategies and techniques proposed in literature for improving this feature are presented and discussed.
Machine level
Although many energy efficiency definitions have been proposed in literature [15, 17, 26, 28] , they are not clear enough due to the diversity and complexity of the machines. Apostolos et al. [15] define the energy efficiency at machine level as the relation between the energy provided to the process and that consumed by the machine. On the other hand, in [28] an energy efficiency definition based on the power demand was proposed and expressed as follows:
being N wp , E d , t, the number of produced pieces, the electrical power demand, and time, respectively. Then, Zhou et al. [31] introduce a detailed definition of energy efficiency in which it is divided into two types. First, the process energy efficiency refers to the relation between the effective energy and the energy consumed by the device in a finite time. Second, the instantaneous energy efficiency expresses the ratio of material removal cutting power and the machine input power. Indeed, and according to Zein [17] , energy efficiency at machine level concerns to the improvement of the input-output relations of existing transformation processes towards either minimum input or maximum output levels. In addition, the use of evaluation indicators of energy efficiency of machines has been introduced for quantifying and tracking the machine efficiency.
Schudeleit et al. [29] have summarized and classified the energy efficiency indicators at machine level based on three strategies to foster environmental improvements in the context of sustainability. Among these indicators, it can be highlighted the Energy intensity (EI), the Specific Energy Consumption (SEC), the Energy Efficiency Ratio (EER), the Energy Conversion Efficiency (ECE), and the Energy Efficiency Index (EEI). Then, a new metric for quantifying the machine tool energy efficiency based on the energy efficiency of machine components is proposed. Among them, the SEC index has had a great application for determining the machine energy efficiency (or machining process efficiency) [10, 31, 42, 43] . Zhou et al. [31] define SEC as the energy required to remove material per unit volume or mass, i.e., it expresses the relationship between energy consumption and process variables as follows:
with E and V m expressing the energy required by the machine in [J] and the total volume of removed material [m 3 ], respectively. Equation (2) is related to the energy efficiency of the entire machine since it considers both operational and non-operational modes. Also, V m is directly related to the Material Removal Rate (MRR), which refers to the volume or quantity of removed material per unit of time. Besides, SEC is also used as a model of energy consumption since it expresses the energy efficiency level from the perspective of the machine effective input and output. For instance, in [44, 45, 46] the concept of SEC is used to determine the relations between process variables and energy consumption in machine tools.
Process line and plant level
Although at both the line and plant levels it is more difficult to define the energy efficiency than at the machine level due to the existence of complex relations among machines and their different configurations, peripheral devices and the working environment, Thiede [28] proposes a simplified expression of the energy efficiency for both a process line and plant level as follows:
being P out and E in the produced output as the number of pieces and the total energy input to the system in [J], respectively. Even though (3) is quite general, the energy efficiency evaluation can be improved if the system boundaries (e.g., according to manufacturing level) and both the input and output variables are correctly defined. Thus, based on (3), it is possible to observe that strategies that allow minimizing the total energy input while keeping the production output or maximizing the production output without increasing the energy consumed can contribute to improve the energy efficiency of manufacturing systems. Thus, regarding machine level, (1) can be more suitable to compare the mass production and the energy consumed by all elements of the machine, while (2) is more related to the efficiency of the manufacturing process performed in the machine. On the other hand, with respect to both the process line and plant levels, the energy-efficiency indicators have been proposed in a similar way to (3). Indeed, due to the diversity of processes performed at these levels, it is more convenient to evaluate in a general way the consumed energy according to the number of produced pieces.
Finally, the use of key performance indicators depends on the level and application for which they will be analyzed since most of them are designed to express a relationship between one specific production activity and the energy consumed to achieve it. Therefore, according to the application and the industrial level considered, some energy efficiency indicators could be or could not be compared. Bunse et al. [47] presents a classification to analyze the different energy efficiency indicators, their formulas, and their application cases. According to this work, there exist different energy efficiency indicators because of the great variety of industries and manufacturing process, and therefore, some indicators could be more suitable than others at each level. For instance, at plant level, the Energy Performance Index (EPI) is an indicator used for benchmarking energy usage per unit area, from which the energy consumption of TBS can be properly considered. Thus, due to the complexity of the industrial processes and different applications of energy efficiency indicators, Schmidt et al. [48] propose a classification and a generalized calculation methodology by using templates for measuring the energy efficiency of manufacturing activities, and considering from factory level to process and product levels.
Strategies and technologies of energy efficiency
For producing a behavioral shift towards efficient and sustainable manufacturing industry, the relations between the companies and governmental institutions, as well as the technological developments must be considered. From this fact, different studies have focused on the identification and categorization of barriers and the encouraging elements of energy efficiency in manufacturing systems [49, 50] . Moreover, several studies have been developed throughout the last decade to provide a general context about the techniques and strategies implemented for improving the energy efficiency of manufacturing systems.
Yoon et al. [44] perform a review mainly focused on machine tools in manufacturing industries, in which different techniques for assessing and modeling the fixed and variable energy consumption of these machines are presented. Besides, optimization techniques for process planning, tool path generation, and scheduling of single devices are broadly reviewed, while analyzing the impacts on the energy efficiency of MRR and of assisted machining systems (e.g., Laser-Assisted Machining (LAM)). Esmaeilian et al. [16] have studied the evolution of research in manufacturing systems from past and current trends to future developments. This latter work mainly aims to review the current trends in manufacturing systems such as advanced, smart, cloud, and sustainable manufacturing, Cyber-Physical Systems (CPS), and remanufacturing.
On the other hand, Zhou et al. [31] focus on the identification of main energy consumers in a machine tool and, based on this, different energy consumption models that take into account the process, machine tool, and tool features are presented. Other alternatives oriented to reduce the processing time by either increasing the process rate, optimizing the machine tools architecture, and using control systems for the selective activation of machine tool components are presented in [8, 13] . Additional to these works, several works have been developed with the same aim of collecting the strategies implemented by manufacturing industry to satisfy its requirements of energy and resource savings. Thus, in Table 2 the identified categories for improving energy efficiency are summarized based on the reviewed workers/papers and, according to the classification by levels previously presented in Section 2.1. From Table 2 , it is possible to observe that most of the proposed approaches have been focused on the machine level, following the idea that an improvement in a lower level would be reflected in higher levels and, therefore, contribute to improving the energy efficiency of the entire system. Park et al. [38] study the energy policies, the energysaving methods, and the energy consumption reduction strategies currently implemented in countries of the European Union (EU), Japan, and North America. Besides, the authors present the trends in research directions and identify the energy saving opportunities for the manufacturing systems. Thus, according to last work, energy efficiency in manufacturing systems has been recognized as the most critical research issue in the near future by the EU. Therefore, research topics such as energy-aware manufacturing processes (measurement and control), energy efficient production management systems, advanced automation for demanding process conditions, maintenance concept for energy efficiency, electrical energy operations in off-peak hours, among others related to the emission reduction technologies (e.g., eco-design and environmental assessment) have gained attention into the industry.
Most of these works attempt to introduce a state-of-theart regarding the strategies, methodologies, and technologies considered by levels, with the aim of getting significant energy and resource reductions in the domain of discrete manufacturing. However, a significant part of strategies studied are focus on machine level, in which three main research topics can be defined for classifying the reported research: optimization of machine design, optimized process control, and process/machine selection. The improvements collected in these categories address topics related to the use of more efficient components for the machine tools, improvements of current technologies, the recovery of waste streams and heat losses within a machine tool, and searching an optimal energy and resources use that allow reducing energy waste.
On the other hand, alternatives to manage the devices in a machine tool without modify the design of either machine or peripheral devices have been developed focus on integration or centralization of peripheral devices, selective shutting off of devices, reduction of the idle time, optimization of process parameters, and processes modeling, planning, and scheduling. These latter strategies change the way as devices are managed without affecting the main operation of the machine, and unlike of re-design strategies they reuse the available technologies and machinery avoiding significantly increasing costs.
Since the diversity of machines and the machining processes, their complexity and their different components (primary-function and peripheral devices), strategies for optimizing the machine configuration and components design, as well as optimization of process parameters have been broadly studied during the last decade. However, taking into account the environmental impact and the search towards sustainability of manufacturing systems, other alternatives such as the implementation of recovery systems within machines, the use of alternative fluids for lubrication and coolant systems, the selection of more sustainable machining processes, and the optimal resources selection have been of great interest for the manufacturing industry. In addition, many studies related to the implementation of control systems for monitoring the energy efficiency and the switching on/off of machine compo- May et al. [12] x x x Trianni et al. [11] x x Esmaeilian et al. [16] x x x Yoon et al. [44] x x Cagno and Trianni [51] x x Brunke et al. [49] x x Cagno and Trianni [50] x x Ingarao [8] x x Park et al. [38] x x x x Herrmann and Thiede [25] x x Duflou et al. [10] x x x x Apostolos et al. [15] x x Yingjie [14] x x Salonitis and Ball [26] x x nents to reduce the idle time, even for the activation of either centralized or non-centralized peripheral devices, have been developed. However, this latter approach has promoted research about more precise modeling techniques, simulation tools, and robust control systems to obtain better energy consumption models, and even to add predictive behaviors to the control systems design. In Table 3 , a classification of the technologies applied at machine/process level during the last decade is presented.
Continuing with the second level, due to the diversity of machines in a process line, besides of material removal, different operations such as heat treatments, transportation and material handling, fluids transport, among others, can take place in the process-line machines. Nonetheless, to obtain energy-efficient systems at line level, the improvements for each machine or individual device in the process line are not enough, and instead of this, the whole process line should be optimized to reduce its total energy consumption [21] . According to this, at line or multi-machine level, some of strategies and technologies identified from literature are focused on capture and track energy and material flows in a multi-machine ecosystem, the processes planning and scheduling of machines and their integration.
Process planning and scheduling are essential and complementary factors regarding energy consumption and flexibility of manufacturing systems. Conventionally, the scheduling is made after the processes planning stage, and in most of the cases, only a process planning is considered for the manufacturing of a piece. Regarding this issue, the currently implemented strategies in manufacturing systems have focused on the development of adaptable and sustainable processes plans, which can be flexible regarding the energy and market requirements. In the work of Bruzzone et al. [88] , an approach of integration between the Energy-Aware Scheduling (EAS) methodology and a reference schedule generated by an Advanced Planning and Scheduling (APS) system that does not consider energy saving is proposed. This approach is employed together with a process model to control the power peaks in the shop floor for a given detailed schedule. Thus, the proposed method, which is based on a Mixed Integer Programming (MIP), modifies an original timetable of APS to reduce the power peaks in a process line.
Similarly, Lu et al. [89] study the energy-efficient Permutation Flow-shop Scheduling Problem with Controllable Time (PFSPCT) with the aim to analyze the scheduling problem but including both transportation and processing times. Thus, in order to formulate the problem scheduling, a multi-objective optimization problem that considers both the make span and the energy consumption of a machine cycle is introduced, while a Hybrid Multi-Objective Backtracking Search Algorithm (HMOBSA) is proposed to solve such an optimization problem. A different approach that incorporates power models for a single machine and cutting parameters optimization into the scheduling problems is developed by Yan et al. [72] . In this work, the scheduling problem is solved by using a multi-level optimization approach considering both the machine and line levels. At machine level, the cutting parameters of each machine are optimized using grey relational analysis for determining the weight coefficient of the two objectives to be minimized: the cutting energy and cutting time. Then, based on an energy consumption model for a flexible flow-shop, a genetic algorithm is used to optimize both the make span and the total energy consumption simultaneously. In another way, the issue of integration of pro- [58, 85, 86, 87] cesses planning and scheduling is studied by Zhang et al. [60] . In this work, an integration model based on Nonlinear Process Planning (NLPP) is proposed to select the suitable process planning and scheduling. Thus, the proposed model is used to predict the energy consumption of machine tools, while a genetic algorithm-based approach is adopted to solve the proposed problem. Some of strategies previously discussed and the research topics at line level are summarized and classified in Table 4 . At plant level, strategies for improving energy efficiency should consider the use of more efficient technologies and equipment, as well as the monitoring and control systems regarding the energy use in the manufacturing processes and TBS. Nonetheless, most of the optimization methods for energy use proposed so far are focused on both machines and process lines with a specified configuration, while the entire factory with both the technical processes, its auxiliary devices and TBS has not usually been considered. Thus, regarding plant level, the strategies mentioned in this paper are classified into four categories, namely, improvements for the data acquisition, optimal energy design, optimal scheduling by flexible manufacturing systems (regarding energy consumption and peak power), and Smart Manufacturing (SM). This latter category focuses on the trends and new technologies introduced by Industry 4.0 [9] .
For developing strategies that allow reducing the energy consumption of manufacturing systems from the viewpoint of the whole plant, the primary issue is to understand the energy consumption behavior of the entire plant and its essential elements. However, for achieving a proper knowledge about the consumption behavior of manufacturing systems, data acquisition tools, signal processing techniques, methodologies for processes modeling, and simulation tools are required. In this sense, some works have been developed to treat these concerns and provide better tools that allow acquiring and analyzing the required information. Some other strategies at factory level, such as the production planning and scheduling, load control, demand response, and peak load minimization at factory level have been analyzed as strategies of energy management with the aim of avoiding peak load surcharges and obtaining an appropriate sizing of the infrastructure and the distribution load.
On the other hand, simulation tools are an important research topic since they offer significant improvements for testing system design, models, control strategies, integration of the new system elements, and, in general, allow a better understanding of the manufacturing systems and their dynamics. According to Thiede [28] , based on discrete and continuous simulation models, four main simulations paradigms are highlighted, namely, Dynamic Systems Simulation (DSS), System Dynamic Simulation (SDS), Discrete Event Simulation (DES), Agent Based Simulation (ABS), and the integrative application of two or more paradigms (Hybrid Techniques). The former refers to the description of the physical systems behavior by using state variables and algebraic equations in standard tools like Matlab, Python, Octave, among others. SDS is mainly oriented to either ecological or economic models, in which the system is described based on both stock and flows diagrams. In DES, the manufacturing system is modeled as a discrete sequence of events that determine at change in the system state. Each event occurs in a specific time instant and no changes are considered between events [92, 93] . In ABS, each object of a defined environment is modeled based on inherent logic and considering the interactions with other objects and the effect over the whole environment [28] . In addition to the mentioned simulation approaches, new approaches have been considering for the development of simulations tools, such as Artificial Intelligence (AI) techniques, Petri Nets (PN), and Monte Carlo Simulation (MCS). A detailed explanation of the simulation tools and some applications can be found in [6, 94, 95, 96] . In addition, simulation software such as AnyLogic, Arena, and Flexsim, which are based 
Approach
Description Reference Energy efficient design New designs (of machine components and peripheral devices) based on energy consumption simulation of whole process line [21] , [35] Process planning and scheduling
Define process plans and machine sequences for optimal energy consumption [60] , [72] , [88] , [89] Control of peak power demand
Control of process scheduling to avoid peak load in flexible manufacturing systems [90] , [91] on the mentioned approaches, have had a great application for the production assembly lines and supply chain in the manufacturing industry. Currently, the manufacturing industry has had a paradigm shift with the aim to transform the industry into smart factories, fact that confers higher flexibility and sustainability to manufacturing processes. The main promoter of this transformation has been the Industry 4.0 project. Several works have proposed different strategies of modeling, process planning and scheduling, and process design and control for improving the energy efficiency [55, 77, 97] . Although many of the reported works consider strategies for flexible manufacturing at the plant level, the energy consumption is usually considered as an initial optimization regarding the production planning of the existing devices in the plant. That is, these strategies determine an optimal sequence from the beginning, and therefore they cannot respond to the temporal variation of processes and working environment factors along the operation of the plant.
Based on the recent advances in sensing technology, connectivity, and computer science, systems in the new era of manufacturing industry have transformed into CPS, which refer to the new generation of systems that integrate computational and physical capabilities, while offering interoperability and resilience [98] . Thus, CPS refer to systems that incorporate physical processes and embedded computing elements (e.g., smart sensors and actuators) allowing a real-time interaction, which eases the exchange of information for tasks such as monitoring, control, and management of CPS [98, 99, 100] . Regarding connectivity, CPS can set up and use connections with the other systems (including human beings) in global networks for establishing cooperation and collaboration schemes among different systems [99, 101] . In Figure 7 , a representation scheme of the concept of CPS as systems of systems is presented.
Thus, due to the size, interactions and connections between elements, and the complex dynamics of manufacturing systems, CPS can be regarded as systems of systems that can be implemented at all levels of manufacturing industry (machine, line, plant level), since they represent the physical and embedded computational parts that work in a cooperative way. Then, the implementation of CPS together with Internet of Things (IoT) has fomented the transformation towards the Cyber-Physical Manufacturing Systems (CPMS), which represent the highest level of CPS application in manufacturing industry [100] .This fact is given since the connectivity through IoT allows a better knowledge of the manufacturing systems, their energy consumption in real time, and the behavior of supplychain markets related to the industrial activity. In this regard, IoT is considered as an integrated/enabled technology rather than a technology to improve the energy efficiency, which eases the design and implementation in real time of both the energy-efficiency and energy cost reduction control strategies [102] . Therefore, based on IoT, a global connection of both the manufacturing systems within an industry and its supply chain can be established in order to consider most of the factors that affect the behavior of a manufacturing plant.
One of the advantages of CPMS integration is the continuous data collection, which might be used to trigger and predict service activities (e.g., routine maintenance activities based on usage or wear, and tear of the equipment), as a way towards energy efficiency improvement in manufacturing systems. Although the implementation of CPMS opens new opportunities to introduce smart technologies in the control systems, the integration of all control resources seen from plant level (e.g., sensors and actuators, the PLC modules, SCADA modules) imposes new challenges for designing management/control strategies of energy demand at plant level. Besides, regarding the flexibility and adaptability of manufacturing systems, new strategies that consider a high level of modularity to face any change in either production scheduling or the working environment will be required for the suitable transformation towards SMS.
Control strategies in manufacturing systems
According to strategies mentioned in the previous section, control techniques have started to gain great application during the last decade in manufacturing systems, mainly due to introduction of smart systems, IoT, and the transformation towards Industry 4.0. Some of potential applications of control systems have focused on both machine and line level since the large scale, and complexity of both systems and relations at plant level. Regarding the machine and line level, the control objectives have been mainly oriented to either processes planning and scheduling to satisfy a production demand, quality of produced pieces by controlling machining processes, and reduction of peak load.
Thus, given the complexity of manufacturing systems due to the processes performed, the strong relations between the peripheral and machining devices, the timevarying constraints such as tool wear, the efficiency of each device (at machine, line, or plant level) and the changingworking environment, the most used control techniques in manufacturing systems are those based on optimization. This fact is given since the control objectives, operating constraints of either devices or machines involved, their operating ranges, dynamic expressions for the relationships between machines and their environment, and any additional constraints that condition the performance of the system to be controlled can be included into an optimization problem.
However, although few control applications consider energy objectives, most of them have been limited to analyze the individual system and do not consider interactions with both other devices and the TBS. In addition, most of these applications consist of designing closed-loop control schemes that minimize the difference between the real energy consumption and a reference behavior, which is usually determined offline and without considering the temporal variations of its surroundings. According to the most relevant reported literature, the energy efficiency objectives usually considered for the design of control systems are focused on [103] :
• Reduction of power peaks: In this case, optimizationbased algorithms aim to reduce the occurrence of peaks produced by simultaneous activation of several devices or machines. Typical objective functions focus on minimize either the infinity norm of the power signal along a fixed period (e.g., a machine cycle) or the sum of penalties for the instantaneous power values that surpass a threshold value corresponding to a nominal power purchased.
• Load-profile smoothing: In this case, the optimizationbased algorithms search smoothing the global power consumption profile by minimizing the difference between the instantaneous power consumption and the mean load demand of the machine tool during its operation. Although this approach allows obtaining smooth profiles, in some cases it implicates higher total energy demand when the instantaneous power will be lower than its mean value.
• Load reduction: From this approach, significantly cost reductions could be achieved since, in this case, optimization-based algorithms are oriented to minimize the total load demand. Most of the proposed cost functions to achieve this objective consist of minimizing the area under the curve of the total power consumption profile. On the other hand, for those cases in which some peripheral devices can be managed in real time, a possible control objective is to minimize the difference between the global energy consumption and the fixed power from unmanaged devices in the machine.
Thus, based on the works related to the design of control strategies, these control objectives have been of high priority since they take into account the way in which the electric companies sell energy to the manufacturing industries. Moreover, from these objectives, the energy costs could be minimized in the facility without modifying either the physical structure of the plant or the current design of devices. Some applications of these control objectives in the design of control strategies are presented in Tables 3 and 4 into the approaches named optimized process control, process planning and scheduling, and control of power-peak demand.
Additional to the objectives previously mentioned, their suitable combinations, technical constraints and algorithms to solve optimization problems would be considered, e.g., technical constraints referred to limitations of running and idle times for devices, switching frequency, a time interval for switching on devices, among others [103] . However, although these approaches have had a great application for designing control systems oriented to both energy efficiency and process planning and scheduling, in most of the case studies disturbances or changes in the working environment conditions are not considered. Therefore, and taking into account the current context of manufacturing industry and the introduction of SM and Industry 4.0, strategies able to respond in real time to any changes in the system or its environment, besides to consider flexibility in the processes plan and schedule should be developed [61] .
According to the U.S. National Institute of Standards and Technology (NIST), SM is defined as "fully-integrated and collaborative manufacturing systems that respond in real time to meet the changing demands and conditions in the factory, supply network, and customer needs" [104] .
Thus, SM can be understood as a collection of innovative technologies that can respond to complex changes in manufacturing systems in real time, promoting the decision making in real time through the introduction of Information and Communications Technologies (ICT), and the interaction among humans, technology, and information. Among the most well-known techniques to promote the transformation towards SM, Kang et al. [104] highlight the cloud computing, IoT, CPS, and big data. CPS have been recognized as useful tools for shifting of pyramid automation towards locally controlled modules without hierarchy, as show in Figure 8 . Thus, one of the advantages of CPSbased automation is that it allow companies a highly degree of shared information at all levels, from which control systems could respond quickly on the appropriate level.
In this sense, from the developments in sensing technologies, the improvements in data acquisition and signal processing techniques, in the new era of SM industry a lot information is available to be used in pro of monitoring and controlling these systems. Therefore, during the last years more robust control systems able to treat and use the available information have been developed. For example, currently, control systems oriented to prognosis and maintenance of manufacturing systems, based on the historical data, have been developed with the aim to predict and program the required changes or maintenance activities [107, 108, 109] . Additional to the prediction of maintenance tasks, strategies such as receding horizon control and advanced methods of process control (e.g., model predictive control (MPC)), have started to gain attention too, mainly, focusing on problems of energy efficiency and flexibility for planning and scheduling of processes at machine, line, and plant level [110, 111, 112, 113] .
Due to the periodic behavior of the machine tools, these control strategies had not had a great application since an optimal activation sequence for both peripheral and machining devices was determined off-line for the nominal operation of machines. Nonetheless, nowadays, it is considered that peripheral devices can be independently managed from machining devices in pro of energy efficiency and without to compromise the machining operation, since these devices could or could not have a periodic behavior. Based on this fact, application of MPC controllers for selective on/off switching of these devices, based on their own dynamic behavior and the total energy consumption of the machine have gained interest as a control strategy oriented to improve the energy efficiency of manufacturing systems [114, 110, 115] .
As a consequence, most of the approaches addressed and related to the design of control systems at the machine level aim for the selective actuation of non-continuouslyrequired devices, the reduction of the idle times, and improvements in the process planning and modeling for their application in advanced control systems. In this sense, Frigerio and Matta [62] present an optimal switch-off policy for the energy consumption control of machine tools in a manufacturing industry, considering time-dependent warm-up duration and the random arrival of parts to the machine. This policy is based on the idea that, once the manufacturing of a part is finished, the machine remains in on-service status only for a short time, but if it passes a defined time interval τ without the entry of a new part, the machine will be switched off.
On the other hand, Shrouf et al. [63] propose a mathematical model of energy consumption considering only three operational modes (processing, idle, and shut down) for a machine, with the aim to minimize the total energy consumption of single-machine scheduling taking into account the continuous changes in energy prices. The general idea of this work is to provide a tool that helps to choose the most efficient production schedule for a individual machine, which could be useful like a reference or set-point for a control strategy. Thus, for designing advanced control systems based on optimization, additional to available information, models of the electrical energy consumption of manufacturing systems that will be simple and precise enough to solve on-line the optimization problem with small computing times are required. In this sense, the need of methodologies for correctly modeling both energy consumption of manufacturing systems and the dynamic relations with other devices and its environment, in addition of integrating the available information from real processes, is highlighted.
In the same way, the control of peak power demand has been another research focus to improve the energy efficiency of manufacturing systems at process line level. Sun et al. [90] propose an advanced buffer inventory management method to reduce the electricity consumption during peak periods of a multi-machine system and buffers. Moreover, Suwa and Samukawa [91] introduce the concepts of a processing mode and electric energy capacity plan for optimizing the energy efficiency of processes in a flexible manufacturing system with several machine tools. In this sense, most of the strategies currently implemented regarding the peak power control consist of delaying the switching-on of some machines taking into account a threshold value. Usually, this last value corresponds to the contracted nominal power, which produces economic penalties if it is exceeded.
At the plant level, in which there exist more complex relations and large-scale system schemes are considered, some of the main research topics for designing control strategies are focus on understanding the energy consumption of systems seen from this level. In this sense, Stich et al. [1] introduce a conceptual framework for energy efficiency based on an Event-Driven Architecture (EDA) and Complex-Event-Processing (CEP) with the aim to provide detailed information about the energy deviations of factory targets that can be useful for the production planning and control of manufacturing systems. In the same way, Krones and Müller [116] have proposed an approach for reducing energy consumption by providing a selection method of the more appropriate energy efficiency measures to be used by factory planning participants, with the aim to overcome the high efforts to acquire energy data. Thus, Figure 8 : Transformation of automation structure by introducing the CPS concept. Based on [105, 106] .
with the aim to integrate control strategies at the plant level with both the available information from processes and the new technologies considered by Industry 4.0 (SM, IoT, etc.), some works have been proposed mainly focusing on data acquisition, and data analysis and processing regarding processes performance and energy demand.
At highest levels, just a few of the control strategies implemented are directly related to the energy efficiency of manufacturing systems. In the work of Tan et al. [102] , the problem of lack the real-time visibility of energy efficiency on the shop floor is treated. In this work, an IoT enabled software application for real-time monitoring of the energy efficiency of manufacturing factories, together with a data envelopment analysis technique to detect abnormal energy consumption patterns and quantify energy efficiency gaps is developed. This work shows a clear example of utility and application of the available technologies in Industry 4.0, from which it is possible to access the energy information and efficiently analyzing it to extract key performance indicators that can be used as helpful tools in the energy management/control. Following the same way towards the energy efficiency, the work proposed by Zou et al. [114] present a novel strategy for controlling the energy consumption of manufacturing systems. In this work, a data-driven stochastic manufacturing systems modeling method is proposed to achieve a predicting system that will be used later to design control systems. Then, from the obtained results, a real-time distributed feedback production control policy that integrates the current and predicted system performance to improve the overall profit and energy efficiency is presented.
Thus, the integration of both concept of the CPMS, IoT, and advances in sensing technologies, among other such that is show in Figure 9 , promotes the design of advanced control strategies into the context of SM and Industry 4.0, which can be implemented in real time with computing times small enough to solve the optimization problem, determine the optimal control actions, and exe- cute the corresponding actions to keep the system in the desired state (i.e., the set-point). In this sense, the application of these technologies towards a more sustainable and flexible manufacturing industry, for instance, by reducing resources consumption (e.g. electrical energy) and custom services, promote and challenge, at the same time, the design of control systems robust enough to treat the complexity, large scale, and coupling of manufacturing systems at each levels (e.g., machine, line, and plant) and to establish communication scheme among different levels.
The integration of CPMS and IoT into the manufacturing systems towards Industry 4.0 requires the suitable synergy of several scientific and technological fields. Since the result of such interaction can yield in complex systems of systems, new challenges naturally arise in the technological dimension for the development of suitable architectures that support these systems. Thus, from a tech-nical point of view, the embedded systems, sensor technology, actuation technology, decentralized data processing capacities (microcontroller), centralized data processing capacities (big data), communication interfaces (Ethernet, Wi-Fi, RFID, GPS, NFC, etc.), and communication protocols (IPv6, OPC UA, etc.) are required to the successful integration of CPMS and IoT into manufacturing systems [118] . Based on these approaches, systems can be transformed into smart entities with a defined identity, sensing capabilities of physical processes, actuation mechanisms, data processing ability and connectivity through network interfaces. Therefore, a digitization stage of information collected about the physical conditions in the plant is required. Due to this fact, an important factor is the installation of suitable sensors to cover the operating ranges of the process and with the expected precision. Into the context of Industry 4.0, sensors should have the features of durability, robustness, reliability, non-invasive installations, self-power, and wireless transmission [119] . For instance, regarding energy consumption, the sensors commonly used by manufacturing industries are wireless current and voltage sensors. In addition, some industries integrate vibration sensors in order to analyze and predict possible equipment malfunctions, which increase their energy consumption. From these sensors is possible monitoring the phase-phase voltage, phase to neutral voltage, phase current, frequency, active power, reactive power, apparent power, active energy, reactive energy, power factor, instantaneous demand amps, instantaneous demand active power, instantaneous demand apparent power, maximum demand active power and maximum demand apparent power [120, 121] .
Afterward, the collected data need to be processed, analyzed, and integrated to make decisions by using suitable communications platforms and protocols. In this regard, IoT is widely used to describe embedded systems through Internet connectivity in order to allow the interaction with other systems, human, or services, on a global scale [122, 118] . According to Mukhopadhyay [122] , IoT can increase reliability, sustainability, and efficiency by improved access to information. However, to provide Internet to the whole facility is a high investment that should be carefully analyzed. This fact has carried out that opponents to IoT started to question and critice the return of investment (ROI) of the IoT implementation in manufacturing industry. Following these critical voices, some researches have focused on analyzing the real value of IoT integration in terms of time, flexibility, reliability, cost, and quality. In [118] , different contributions regarding these issues are presented. The ROI is defined in a general way as the ratio of the net gain to the costs of investment, but regarding IoT investment the hidden benefices may provide critical evidence in favor of IoT. In [123] , a practical approach to calculate the return on investment for IoT is presented. Besides, it should be noted that in accordance with the 2017 Roundup of Internet of Things Forecasts by FORBES, "the majority of enterprises adopting IoT today are using metrics and key performance indicators that reflect operational improvements, customer experience, logistics, and supply chain gains". In addition, the global IoT market will grow from $157B in 2016 to $457B by 2020, with manufacturing industry as one of the lead industries in IoT spending [124] .
Conclussions and trends
The current context of energy efficiency in manufacturing systems and applied control strategies have been introduced and discussed aiming to identify the driver technologies for reducing the energy consumption and improving both energy efficiency and sustainability of these systems. Due to the large scale of manufacturing systems and their complexity, an approach by levels has been addressed allowing a better comprehension of their fundamental components and relationships. The first level considered was the machine, in which the manufacturing processes performed and the peripheral devices are included. This level corresponds to the basic unit in the parts manufacturing, and therefore a discussion about its operating modes, its energy consumption behavior, the primary energy consumers, and classification of consumed energy into fixed and variable was presented.
Then, when interactions among machines in the same arrangement are considered, the second level (or process line) is defined. This level corresponds to an arrangement of machines, each one developing a defined operation and organized in a fixed sequence towards the production of a finished part. In the same way as machine level at process line level, there are peripheral elements that could work for one machine or a set of them, from which more complex interactions appear and must be considered to improve the energy efficiency. The third level addressed here is the factory or plant level, which is an extension of the previous levels and their complex interactions at each level and among them but which included the interactions of all manufacturing systems with the technical building services and the rest of activities of a factory. Thus, according to the approach by levels and the reported literature regarding the current context of energy efficiency of manufacturing systems, the following remarks can be made:
• At machine level, improvements related to more efficient machine components from new designs or the use of materials with better mechanical properties have been proposed. On the other hand, regarding manufacturing processes performed in a machine, strategies to optimize the machining parameters and to obtain an improve processes planning for the production of a part considering the energy consumption have been performed. However, although most of the discussed proposals highlight significant improvements in reducing the energy consumption of a machine, they could be non-realistic in a real case in which a machine interacts and is affected with/by other machines and the environment. Therefore, efforts that not only consider a machine as an isolated entity should be performed but also including uncertainty and perturbations mainly for the scenarios in which it is desired to improve the processes planning in a machine. In the same way that these factors will be included to propose improvements in energy efficiency, tools that face changes in real time are required, mainly for the external factors in a real working environment and for the flexibility required by new the SM framework.
• In the process line level, improved tools focusing on the modeling, monitoring and control the total energy consumption are required more and more. Although better modeling processes have been proposed, they can be quite restrictive and could not be generalizable in the current context of flexible and reconfigurable manufacturing. Thus, improvements regarding modeling of the modularity of manufacturing processes, which can be scalable to line level, are required for their use in monitoring and control systems. In the same way, the ICT, IoT, CPS, and advances in sensing technology should be taken into account for proposing more robust control systems able to respond in real time to internal and external factors without to compromise the energy and production efficiency.
• At plant level, new approaches for the integration and synergy among the strategies at lower levels are required. Most of the proposed strategies in the literature have been focused on flexibility and the inclusion of advanced technologies in the process planning and scheduling but restricted to an initial optimization. Therefore, to increase the energy efficiency of the manufacturing systems, both energy consumption reduction and better use of resources are key factors to be improved for achieving a sustainable development from all dimensions: economic, environmental, and social. In this sense, strategies to improve the control and management of the energy and all resources in a manufacturing plant are required, fact that has motivated the development of technologies previously discussed and mathematical tools proper to solve the optimization problems at plant level. Thus, due to the complexity and size of systems at plant level, efficient tools for solving the optimization problems in short time are required, with the aim that the control and management strategies can be implemented in real time. On the other hand, regarding the energy inputs to a factory, the issues associated with renewable sources and efficient ways to supply the energy by the power grid should be considered.
Finally, at any level analyzed, improvements regarding data acquisition and processing techniques of the raw data are required if the new developments in sensing technology and the new CPS want to be included in the monitoring and control systems. Therefore, the inclusion of new technologies imposes challenges to the design of control systems, not only due to the complexity of these systems but also the requirements of computing time. Thereby, management/control systems should be able to predict the energy consumption behavior of manufacturing systems, determine control actions and perform the changes in reasonable time for their implementation in real time. In this sense, and taking into account the needed elements towards the design of control systems (e.g., the system model, solver, control structure, etc.), improvements in each one of their elements are required.
